This study examines the role of three influential theories of language processing, viz., Surprisal Theory, Uniform Information Density (UID) hypothesis and Dependency Locality Theory (DLT), in predicting disfluencies in speech production. To this end, we incorporate features based on lexical surprisal, word duration and DLT integration and storage costs into logistic regression classifiers aimed to predict disfluencies in the Switchboard corpus of English conversational speech. We find that disfluencies occur in the face of upcoming difficulties and speakers tend to handle this by lessening cognitive load before disfluencies occur. Further, we see that reparandums behave differently from disfluent fillers possibly due to the lessening of the cognitive load also happening in the word choice of the reparandum, i.e., in the disfluency itself. While the UID hypothesis does not seem to play a significant role in disfluency prediction, lexical surprisal and DLT costs do give promising results in explaining language production. Further, we also find that as a means to lessen cognitive load for upcoming difficulties speakers take more time on words preceding disfluencies, making duration a key element in understanding disfluencies.
Introduction
In contrast to written text which can be rewritten or edited, speech happens spontaneously making it more prone to mistakes. Speakers tend not to speak fluently and take pauses or even repeat words. Such errors where speakers interrupt their flow of speech are known as disfluencies. One of the primary reasons for speech disfluencies is difficulties in language production (Tree and Clark, 1997; Clark and Wasow, 1998) . In this study, we aim to understand the role of disfluencies and classify disfluencies into two categories namely, disfluent fillers and reparandums. Disfluent fillers are utterances like uh, um which break fluency by interjecting and creating an interruption between words. For example, suppose a speaker says "thinking about the uh day when I". Here, there is a break of fluency between the words the and day due to the interjection of the filler uh. Reparandums involve cases where speakers break fluency by making corrections in their speech. For example, when a speaker says "Go to the righ-to the left". Here, the speaker makes a correction to to the righ-by restarting with the intended (corrected) speech to the left. We call the words to be corrected as the reparandum (to the righ-) and the correction the speaker follows with as the repair (to the left).
In order to study disfluencies, we use transcribed data from the Switchboard corpus (Godfrey et al., 1992) , a corpus of fully spontaneous speech of American English. We focus on testing the role of three influential linguistic theories, viz., Surprisal Theory (Levy, 2008; Hale, 2001) , Uniform Information Density (UID) hypothesis (Jaeger and Levy, 2007) and Dependency Locality Theory (Gibson, 2000) in accounting for disfluencies. Surprisal Theory defines an information-theoretic measure of comprehension difficulty viz., surprisal. Recently, Demberg et al. (2012) showed that syntactic surprisal is a significant predictor of word duration in spontaneous speech even amidst the presence of competing controls like lexical frequency. Thus surprisal can be used to model language production as well, with words with high surprisal associated with speech disfluencies i.e., fillers and repairs. The UID hypothesis predicts that in language production, speakers prefer to minimize variation of information density (mathematically same as surprisal) across the speech signal. Thus based on the UID hypothesis, it is plausible to assume that disfluencies are associated with higher informa-tion density variation. Finally, DLT posits integration and storage costs as measures of comprehension difficulty. Scontras et al. (2015) showed that for English relative clause production, locality results in greater speech disfluencies and starting time for object relatives compared to subject relatives. Thus, we conceive higher values of integration and storage costs leading to disfluencies in language production.
We predict disfluencies in the Switchboard corpus using a one-vs-all logistic regression classifier containing features based on lexical surprisal, UID, DLT-inspired costs and duration. Further, by looking into the classifier's regression weights and accuracies, we get an insight behind how these theories affect disfluencies in speech. Our results do not uncover evidence to indicate UID hypothesis plays a significant role in disfluency prediction; however, lexical surprisal and DLT costs do give promising results in explaining language production. The latter two theories indicate that disfluencies tend to be followed with upcoming difficulties and speakers lower cognitive load on words preceding these disfluencies to ease this difficulty. Apart from these three theories, we look into how duration behaves in disfluent contexts and find that speakers take more time in words preceding disfluencies which we explain as a means to lower cognitive load for upcoming difficulties by buying more processing time. Further, we see that reparandums do not occur prior to words with lower surprisal like in the case of disfluent fillers. This effect may be due to the lessening of the cognitive load also happening in the word choice of the reparandum, i.e., in the disfluency itself.
Background
In the context of disfluency detection, disfluent fillers tend to be easier to identify as they mostly consist of a closed set of fixed utterances (e.g. um, uh). Reparandums on the other hand are more difficult to identify because they tend to resemble fluent words a lot more. One of the effective feature types for detecting these reparandums are distance and pattern matching based features that look into the similarity of words and POS tags with their neighbours (Honnibal and Johnson, 2014; Zayats et al., 2014 Zayats et al., , 2016 Wang et al., 2017) . The reason for their effectiveness could stem from how the repair that follows the reparandum is usually a "rough copy" of the reparandum, i.e., it incorporates the same or very similar words in roughly the same word order as the reparandum. Apart from this, disfluency detection has also been shown to be effective with other features like language models and lexical features (Zwarts and Johnson, 2011; Zayats et al., 2016) ; prosody (Shriberg et al., 1997; Kahn et al., 2005; Tran et al., 2017) and dependency based features (Honnibal and Johnson, 2014) .
Seeing how disfluency detection in the past has collected features from lexical language models, dependency grammar and prosody, we are motivated to test influential linguistic theories in these domains and study whether disfluencies can be explained by these theories, viz., Surprisal Theory (Levy, 2008) , the UID hypothesis (Jaeger and Levy, 2007) and DLT (Gibson, 2000) . Further, to examine the effects of prosody we look into duration as a feature to explain disfluencies.
Building on Shannon's (1948) definition of information, it has been shown in recent work formalized as Surprisal Theory (Hale, 2001; Levy, 2008) that the information content of a word is a measure of human sentence comprehension difficulty. The surprisal of a word is defined as the negative log of its conditional probability in a given context (either lexical or syntactic). The second theory we examine, the Uniform Information Density (henceforth UID) hypothesis also relates to information density and states that language production exhibits a preference for distributing information uniformly across a linguistic signal. Our third theory is the Dependency Locality Theory (henceforth DLT) proposed by Gibson (2000) . This theory defines processing costs that have successfully accounted for the comprehension difficulty associated with many constructions (subject and object relative clauses for example).
Experiments and Results
Our study focuses on 3 classes of words in the Switchboard corpus: reparandum, disfluent filler and fluent word. We use the corpus provided by the switchboard NXT project (Calhoun et al., 2010) and base our features for machine learning from the fluent words that immediately follow or precede these disfluencies (for reparandum based disfluencies, these are taken as the words that immediately follow repair and precede the reparandum), this was done out of uniformity as disfluencies such as a disfluent filler uh do not posses the We setup a one-vs-all logistic regression classifier to classify between our 3 categories. To set up a baseline performance for this multi-classification, we train the classifier on features pertaining to the speaker and listener particularly the gender, age and rate of speech. The change in accuracy relative to the baseline on adding features, viz., lexical surprisal, UID, DLT costs and duration, tells us whether these theories explain the presence of disfluent contexts. Further, using the regression weights we look at whether the correlations are indeed as the theory expects. The next three subsections will describe these results in depth.
Lexical Surprisal
We deploy lexical surprisal as measure of predicting disfluencies. We use the definition proposed by Hale (2001) which states that the lexical surprisal of the k th word w k in a sentence is
refers to the conditional probability of k th word in the sentence given the previous two words. We calculate lexical surprisal of each word in our corpus by training a simple trigram model over words on the Open American National Corpus (Ide and Suderman, 2004) using the SRILM toolkit (Stolcke, 2002) . The lexical surprisal feature of the surrounding words turns out to be significant with a p-value < 0.05 and we can note from Table 1 that these classifiers with surprisal give a significant improvement from baseline (McNemar's test). Further, using surprisal of the word following the disfluency gives a 1.6% boost in accuracy and the regression coefficients from Table  1 indicate that the words that follow disfluencies (this would be the word following the repair in the case of reparandums) show a higher surprisal, suggesting that disfluencies occur in the presence of an upcoming difficulty. Previous studies have shown similar results that disfluencies occur in the presence of production difficulties due to new information (Arnold et al., 2000; Barr, 2001; Arnold et al., 2003; Heller et al., 2015) . Examples from the corpus illustrated such a behaviour where disfluent sentences such as "for the uh scud missiles" or "imagine thats a -thats a pillsbury plant?" have high surprisal difficulties like scud or pillsbury following the disfluency. We also note that lexical surprisal of the word preceding the disfluency leads to an accuracy increase of 0.94%. There is a low surprisal of the preceding words in the case of disfluent fillers, as seen from Table 1, suggestive that speakers use easier words (lesser cognitive load due to low surprisal) to handle the production problems better. However, the other type of disfluency, reparandum shows a higher preceding surprisal which might be attributed to the fact that unlike fillers, reparandums consist of words in themselves and these words may be the ones that hold the low surprisal rather than the preceding word to the reparandum.
Uniform Information Density (UID)
In order to quantify the uniformity in information density spread, we use two types of UID measures proposed in previous works by Collins (2014) and Jain et al. (2018) . The two measures are as follows:
Here, N is the number of words in the sentence, id i refers to the information density, i.e., lexical surprisal of i th word and µ is the average information density of the sentence. We note from the equation above that the uniformity measure, UIDglob is defined as the negative of variance of lexical surprisal. Further, our second measure UIDglobNorm is nothing but the normalized version of the first measure UIDglob. We calculate the UID measures for the surrounding words, i.e., the immediate preceding and following words to the class, and the UID measures for that sentence. From the accuracies that are listed in Table 2 , we can see that the best accuracy is an increase of 0.42% from UIDglob of the (Jaeger and Levy, 2007) . Previous work by Jain et al. (2018) in Hindi word order choices has shown that the UID measures does not outperform lexical surprisal.
DLT: Integration and Storage Costs
The central notion of DLT revolves around two costs: integration cost (IC) and storage cost (SC) as proposed by Gibson (2000) . We compute DLT costs as follows: For a word to be integrated into the structure built so far, its integration cost, a backward-looking cost, would be the sum of the dependency lengths of all dependencies that include the word to be integrated and its previously encountered head/dependent word (grammatical link provided by dependency grammar). In contrast, the storage cost is a forward-looking cost and corresponds to the number of incomplete dependencies in our integrated structure thus far. To calculate these costs, the dependency relations for our corpus were extracted by removing disfluencies from the constituency-based parse trees and converting these trees into dependency graphs using the Stanford parser (De Marneffe et al.) . Our theory of DLT makes use of these dependency parses and in this way is inspired from the original DLT that makes use of constituency parsing. We see from the McNemar's test (Table 3 ) that the increase in accuracy for DLT costs are all significant improvements w.r.t baseline. The integration costs and storage costs, all significant features with p-value < 0.05, give an increase of 2% and 4.43% individually (from Table 3 ). Further, combining all these four features gives a far larger increase of 11.39% from the baseline. This can indeed be explained as the two costs serve complementary functions (can be seen from their negative correlation of -0.26) as forward and backing looking costs, and a combination would possess greater information on the whole. We see that DLT seems to perform well for our disfluency prediction task and so we will proceed to examining the correlations of the DLT costs in disfluent contexts. From Table 3 we see that following integration cost is expectantly high for reparandum based disfluencies but contrarily is lower in the context of disfluent fillers which goes against the expectation of an upcoming difficulty in the case of disfluencies. Recent work by Demberg and Keller (2008) has shown integration cost to behave anomalous and act in the expected direction only for high values of dependency length. With preceding word's integration cost getting lowered in the context of disfluent fillers and higher in the context of reparandums, we can see that apart from the anomalous result for following integration cost in fillers, integration cost functions gets explained similar to lexical surprisal. We also see that disfluencies, i.e., both disfluent fillers and reparandums have a lower preceding storage cost and higher following storage cost. This makes sense as a lower preceding storage cost lowers the cognitive load and helps process the upcoming difficulty better (indicated by high following storage cost).
Duration
Looking into how duration affects disfluencies, from 9.64% from baseline. From McNemar's test it is indicated that the increase in accuracy from using duration features w.r.t baseline are all significant. The duration features are also significant features with p-value < 0.05 and are higher in the context of disfluencies as can be seen from the regression weights in Table 4 . These results are in concert with Bell et al's (2003) study of duration in disfluent contexts. The higher duration of words preceding disfluencies suggests that speakers try to buy time in order to better process for the upcoming production difficulties that follow these disfluencies.
Correlations between features
We observe that the maximum correlation from the feature correlations is between duration and surprisal. This positive correlation of 0.49 between surprisal and duration can be expected as higher information density for a word would take the speaker a longer duration to process. Given the performance of duration in disfluency prediction, this correlation could also explain the significant performance of disfluency prediction with surprisal. Further, recent work by Demberg et al. (2012) has shown how syntactic surprisal is a significant predictor of word duration. This is suggestive of the fact that surprisal can possibly be used to model language production, despite being an information-theoretic measure of comprehension difficulty. For further correlation values between features refer to Table 1 in Appendix A.
Discussion
Our results indicate that disfluencies occur when speaker has upcoming difficulties, as evinced from high storage cost and lexical surprisal at words following disfluencies. Speakers also seem to want to lower their cognitive load before disfluencies to help in planning, as suggested by low values of duration, storage cost, surprisal and integration cost on the preceding word. Ease of production is often attributed to ease of retrieval of words from memory. More accessible words (more salience, more predictability) are known to be easier to retrieve compared words with low accessibility. Since surprisal quantifies contextual predictability, the low surprisal prior to fillers indicate the ease of retrievability of words prior to fillers. Though words preceding reparandums do not show a lowering in surprisal and integration cost, it could be attributed to the fact that reparandums in itself consists of words, which may be the ones that hold low surprisal or integration costs, rather than the word preceding to the reparandum. This difference in the context of fillers and reparandums indicates the presence of distinct memory operations in language production.
DLT-based costs hitherto used to explain language comprehension gave the best increase in accuracy to 48.57%, showing it has promise in explaining language production too. We did however note that the integration costs behaved in contrary directions, and so further detailed research is needed. The anomalous DLT effects need to be investigated more thoroughly in future work. In the comprehension literature Vasishth and Lewis (2006) proffer a unified explanation for both locality and anti-locality effects in Hindi verb-final constructions by resorting to either decay or interference (on account of similar intervening words) at a verbal head while integrating a previously encountered argument head. In a survey of dependency distance, state that long dependencies might not be difficult to process due to the presence of mitigating factors like frequency, contextual familiarity and positional salience.
Given that DLT costs bring about a large increase in accuracy, incorporating other syntaxbased features like syntactic surprisal and UID (based on syntactic surprisal) might confer further insights on the role of syntax in disfluency prediction and language production. Despite seeing how DLT, duration and lexical surprisal behave individually, we have not as such compared these features against each other and studied if they account for explaining same parts of the data. We leave these steps for future work. Our modelling presupposes linear dependence between individual predictors. In future inquiries we plan to use other non-linear classifiers like decision trees and KNN models.
